Similar to such systems, autonomous onboard sensing systems using cameras, radar, or lidar have also been developed. Geismann and Schneider (5) and Huang (6) used a stereo camera to detect pedestrians. In their system, the region with pedestrians is shown by a disparity map. Fuerstenberg used a laser sensor to detect obstacles in front of a vehicle and applied this system to achieve driving safety at intersections (7). Broggi et al. used a method involving an onboard camera and lidar (8). In this system, the lidar detects an obstacle and the onboard camera classifies the object as a pedestrian or non pedestrian. Kamijo et al. also developed a pedestrian detection system with monocular cameras (9). These systems can obtain the relative position of traffic participants in the surrounding region. However, the onboard sensors cannot detect traffic participants that are occluded by other vehicles or buildings.
Similar to such systems, autonomous onboard sensing systems using cameras, radar, or lidar have also been developed. Geismann and Schneider (5) and Huang (6) used a stereo camera to detect pedestrians. In their system, the region with pedestrians is shown by a disparity map. Fuerstenberg used a laser sensor to detect obstacles in front of a vehicle and applied this system to achieve driving safety at intersections (7). Broggi et al. used a method involving an onboard camera and lidar (8) . In this system, the lidar detects an obstacle and the onboard camera classifies the object as a pedestrian or non pedestrian. Kamijo et al. also developed a pedestrian detection system with monocular cameras (9) . These systems can obtain the relative position of traffic participants in the surrounding region. However, the onboard sensors cannot detect traffic participants that are occluded by other vehicles or buildings.
Vehicletoinfrastructure cooperative systems can converge to the NLOS zone by using infrastructure sensors such as cameras or millimeter wave sensors suited to high altitudes. For example, field tests of collision warning systems at intersections were conducted in California (10) and Minnesota (11) . In Japan, field testing of a collision warning system at intersections was performed in Tokyo (12) . However, infrastructure sensors are much more expensive than onboard sensors.
Positionestimating methods with wireless sensors are now becom ing popular. Moriya and Hasegawa studied the inverseGPS method applied in an outdoor field (13) . Hara and Ishimoto developed an indoor positioning system that used signal strength (14) . However, their system solves the interpolating model with a nondirectivity sensor and many problems are faced when the system is modified for use in an ITS safety system. In this work, a lowcost wireless sensor for a driver assistance system for intersections is proposed. Four wireless communications devices are installed in the four corners of the vehicle, and they roughly detect the positions and the movements of traffic participants that have a transmitter by comparing the received intensities. By utilizing the diffractive characteristic of wireless devices, the proposed system can improve detection in an NLOS area when compared with other onboard sensors.
SyStem Overview target Cases for Collision Avoidance
Accident statistics (15, 16) indicate three major accident types that can exist at intersections (Figure 1 ). In this work, the aim is to develop a wireless sensing system that can help avoid these three types of accidents.
Onboard Sensing System for Intersection Safety
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A dedicated onboard sensor that used wireless communications devices was developed for collision avoidance around intersections. Four ZigBee wireless receivers were installed in the four corners of the driver's vehicle. Each receiver was shielded and had slight directivity. These settings enabled the sensor to estimate the positions of transmitters on pedestrians, bicycles, motorcycles, and vehicles on the basis of a comparison of four signal strengths received from the four receivers. Positions were obtained relative to the driver's vehicle as combinations of four directions: near or far and approaching or leaving. Because the estimation algorithm considered relative values obtained from the four wireless receivers, the detection results should not have been affected by the transmission power. Onboard sensors with vision, lidar, and radar cannot detect objects hidden by road facilities and other vehicles. Although infrastructure sensors for vehicleto-infrastructure cooperative systems can detect such hidden objects, they are substantially more expensive than onboard sensors. The onboard wireless sensor developed in this work would function as an alternative tool for collision avoidance around intersections.
The fact that 40% of traffic accidents on general roads occur at inter sections is a concern. Most accidents occur when a vehicle is turning right or left at an intersection, with the other traffic participants being pedestrians, bicycles, motorcycles, and other vehicles that approach suddenly from the opposite lane or close to the vehicle. Such accidents are easily caused by traffic participants situated in the nonlineofsight (NLOS) zone of the drivers. Thus, detecting traffic participants in the NLOS zone and informing drivers about approaching participants are widely studied functions of driver assistance systems in the field of intelligent transport systems (ITS).
IbanezGuzman et al.
(1), He and Larry (2), and Okada et al. (3) studied a system with intervehicle communications in which vehicles exchange the absolute positions obtained from a Global Positioning System (GPS) device with each other. However, GPS causes a prob lem in that the positioning accuracy is degraded in urban areas where radio shielding and scattering are prominent (4). In the case of vehicles, accuracy can be improved by referring to information obtained from a gyro sensor or from a car navigation system. However, other traffic participants such as pedestrians, bicycles, and motorcycles cannot use such GPS systems. As a result, it is difficult to satisfy the requirement of positioning accuracy for such driver assistance systems.
Case 1 is a collision between a driver's rightturning vehicle and another approaching traffic participant in the opposite lane. Right turns in Japan correspond to left turns in most European and American countries. The system installed on the vehicle detects approaching vehicles, motorcycles, and bicycles in the opposite lane even when, for example, they are occluded by a large truck trying to turn right onto the opposite lane. In this case, the system needs to detect approaching participants at a large distance from the intersection by distinguishing among the four different relative directions, right front, left front, right back, and left back.
Case 2 is a collision between a driver's turning vehicle and crossing pedestrians. Both right turns and left turns should be considered in this case. Since pedestrians approach the driver's vehicle from various directions and at a short distance, it is necessary to detect pedestrians who are crossing near the driver's vehicle by distinguishing them from other pedestrians walking on the pavement away from the vehicle. It is also necessary to detect the direction in which pedestrians are located around the vehicle.
Case 3 is a collision between a leftturning driver's vehicle and other traffic participants such as motorcycles and bicycles moving along side the vehicle. This type of accident is difficult to avoid because the leftback corner is the most difficult NLOS zone for the driver to guard against. In this case, it is necessary to detect motorcycles and bicycles following closely behind the vehicle.
System Description
Conventional onboard sensors should be able to cover an NLOS zone hidden by other vehicles and road facilities, and infrastructure sensors are much more expensive than onboard sensors in terms of maintenance and installation. To resolve the drawbacks of previous systems, a wireless sensor is proposed to roughly detect the positions and movements of other vehicles and the portable transmitter of a pedestrian. The proposed wireless sensor consists of four wire less receivers installed in the four corners of the driver's vehicle to receive signals from the transmitters. The positioning quadrelative directions, distances, and movement statuses of other vehicles and pedestrians can be detected by comparing the four sequences of the received signal strength. This approach is considered as a method of solving for the extrapolation model between the transmitter and the receivers.
From the foregoing description, the proposed system needs to be able to detect whether a vehicle is approaching or going away from the driver's vehicle, whether it is near or far away from the vehicle, and in which of the four directions around the vehicle it is located, as indicated in Figure 2a . An XBee chip, in which a ZigBee system is embedded, is fixed in a shielding box, as indicated in Figure 2 , b and c. The bottom, top, and three corners of the box are shielded, and only one corner of the box is open to receiving the signal from a particular direction. The four ZigBee boxes are installed at the four corners of the vehicle during implementation. In order to emulate the actual setup, the four ZigBee boxes are mounted on tripods, and they are aligned next to the four corners of the vehicle, as indicated in Figure 2d .
In the foregoing setup, the open corner of each ZigBee box is aligned along the diagonal of the vehicle. The strength of the received signal is greatest when the open corner of the receiver box faces the transmitter, and the strength of the received signal is weakest when the open corner of the receiver box faces away from the transmitter. The calibration and detection algorithm of the system are described next, and experimental results are described after that.
SyStem DevelOpment Communications Devices
ZigBee is a protocol used for a suite of highlevel communications devices that uses digital radio based on the IEEE 802.15.42003 standard. ZigBee is a lowcost and lowpower wireless mesh net working standard and it is suitable for ad hoc communications. The low cost allows the technology to be widely deployed in wireless control and monitoring applications. The low use of power allows the device to have a longer life with smaller batteries.
The frequency used for ZigBee is 2.4 GHz, and it can be used for experiments on public roads. In this frequency band, an electric wave is diffracted at the corner of an obstacle and reflected on the ground. This feature implies that an electric wave can reach an NLOS zone. The strength of received signals depends on the considered situation, and it was confirmed that sufficient signal strength was obtained in the current experiments. According to the official specifications, the signal range of XBee is 1.5 km in an open field.
Generally, wireless systems face the problem of packet collisions with different transmitters. Since ZigBee adopts carrier sense multiple access-collision avoidance (CSMA/CA) for the medium access control protocol, this problem can be avoided. In addition, a ZigBee device can assign a 16bit code to each transmitter for identification, and this code can be used as a packet header to indicate the type of the traffic participant such as vehicle, pedestrian, motorcycle, or bicycle.
The comprehensive performance of ZigBee architecture is dis cussed by Zheng and Lee (17) . According to their work, the packet delivery ratio of peertopeer communications in a heavily crowded node situation reaches approximately 70% at 5.0 packets per second. This finding implies that ZigBee is useful as a sensing device for a crowded intersection. In the proposed system, the received signal strength indication (RSSI) of the signal from a transmitter is measured at each receiver, and the distance and direction of movement of the transmitter can be roughly detected by comparing the RSSI value with the calibration data. A grid was drawn for the surroundings of the vehicle receiving the signals and the RSSI values measured at each grid point were used as the calibration data. Moreover, the direction in which the transmitter is located is estimated by applying the particle filter to the received data.
Calibration of relative rSSi with normalization
In order to estimate the vehicle's location from the transmitter by analyzing the RSSI values at the four receivers, calibrations on the RSSI values were performed. Absolute values of RSSI are affected by changes of transmission power and the environment, and, there fore, it is more appropriate to calculate the relative values of RSSI at the four receivers by using certain normalization. For the calibration (c), absolute RSSI values are acquired and stored in a data structure according to the following equation: where n = number of receivers; 1, 2, 3, 4 = frontleft, frontright, rearright, and rearleft corners of driver's vehicle, respectively; and (x, y) = position of transmitter. This measurement was performed in a static environment in which the driver's vehicle was placed at the origin of the calibration coordinates (Figure 3a) . In the experiments, the measurements were performed three times. However, a greater number of measurements is required for a realistic average, and, therefore, the measured data ranged widely. Therefore, an approximation equation was defined to produce raw data and the raw data were treated as the calibration data. The equation is as follows: where r is the distance_from_receiver(n, x, y). Equation 2 is based on the assumption that RSSI is proportional to the inverse of the square distance. It is well fitted under ideal circumstances and widely used. An example of the raw RSSI data measured by the front-right sensor is shown in Figure 3 , b and c. "Gain" means the antenna gain of the receiving device and "power" denotes transmitting power. The coefficient values α and β mainly depend on the angle formed at the sensor because of its directivity resulting from the shielding of the box and the vehicle body. The results of the correction attachment to the front-left sensor data are indicated in Figure 3d . By using these smoothed data instead of the raw data, robustness against indeterminate errors in the calibration data is obtained.
From the absolute RSSI, the relative RSSI is obtained by 
where n and m are the number of receivers. Equation 3 provides final calibration data and is robust against fluctuations. The use of these functions is described in the next section.
Algorithm for Position Estimation
For stable tracking of the transmitter, the particle filter was applied to the sequence of the four RSSI signals. Here, the focus was on the relative values of RSSI with the normalization described in the previous subsection. Calibration data were assumed as relative RSSI values, and therefore the observation data must also be in the form of relative RSSI values. The absolute RSSI observation data of the sensors are denoted by vector z(t) = [z 1 (t) z 2 (t) z 3 (t) z 4 
(t)]
T , which gives a set of data mea sured by each sensor. T denotes the transpositions of the vector, and z 1 (t), . . . , z 4 (t) represents the observed RSSI data for each sensor, similar to c n (x, y), and t is the time of the relative RSSI observation data as given by
With these values, a number of filtering methods were con structed. The particle filter is a popular timeseries filter used in signal analysis. In this case, the state of the transmitter location is denoted by the state vector x(t) = [
x(t) y(t) v x (t) v y (t)]
T . In this filter, the probability function P(x t |z t ) is approximated by a set of particle samples S(t) = {s (1) (t), s (2) 
(t), . . .}. Each s (k) (t) includes the same elements as the state vector x(t).
When the phase of the filter is updated, a set of new samples S(t + 1) is calculated by a current set of samples S(t) and a set of its weights p(t) = {π (1) 
(t), . . .}. π These values are determined empirically.
The position (x, y) in C(x, y, n, m) refers to the elements of the corresponding s (k) (t), and function C(x, y, n, m) calculates the esti mated normalized relative RSSI value between the nth and the mth sensor based on the calibration data. Therefore, L(z(t, n, m)|x(t)) is the comparison function of the observation data and the calibration data.
Classification of transmitter States
In this work, the final detection results include the rough direction, the approaching-leaving state, and the far-near state. These are use ful for a rough estimation of relative positions between participants and vehicles. Although these final results are obtained by filtering comparison results, the accuracy of the collision avoidance system depends on the tracking results.
The normalized relative comparison of RSSI in the proposed system is robust against changes in the transmission power, and the detection results are not affected adversely by the use of this process, as indicated in Figure 4 . Figure 4 shows the far-near state detection based on normalized relative calibration as used in Equation 3 . Despite the differences in the results when the absolute received signal strength is used, the far-near detection results are similar even when relative RSSI values are used. Actual experiments and the effectiveness of this algorithm are described in following section.
experimentAl reSUltS experimental Condition
Various experiments were carried out in the field to emulate the scenarios of accidents at an intersection. The pattern types of scenarios number more than 20, and each scenario is emulated three times. In the case of the existence of NLOS zones in a given scenario, a corresponding lineofsight scenario was used as a control experi ment. In this work, several scenarios are described, corresponding to Scenarios 1 through 4: The effectiveness of the sensor is estimated from the results obtained for this case. In the experiments, dynamic sequential data were measured. These cases are typical examples of the accidents. It is expected that the proposed sensor can be applied to other cases of road accidents. A detailed discussion of this aspect is provided in the following section. In Case 1 (Figure 1) , the approaching participants are initially located in the NLOS region. To prevent such collisions, the proposed sensor must detect the hidden participants at a distance and determine the collision risk by using the direction and approaching-leaving state detection. In this scenario, the movement direction of the turning vehicle and the direction of the road are not parallel. Thus, in the evaluation of system accuracy, the obtained positions are transformed considering the offset between the vehicle and the intersection (indicated in Figure 5 ).
In the experiments, the transmitter was moved along the scenario lines in Figure 5 and the RSSI data were recorded. For Scenarios 1 to 3, the starting points of the lines were approximately 40 m away from the observation vehicle. The observation vehicle was set on a course to turn right.
The rough estimation of directions is based on the tracking results. However, in the NLOS scenario, part of the receiver is seriously occluded by road facilities (Figure 6 ). This occlusion causes an estimation mismatch between observed data and calibration data. The tracking algorithm must be robust against this effect, so an estimation algorithm for NLOS was added.
This correction algorithm consists of two steps. The first step is to calculate a set of likelihoods corresponding to one nonocclusion and four occlusion situations. For the nonocclusion likelihood calcula tion, the system used the full set of six normalized values from four RSSIs in contrast to the occlusion likelihood calculation for which the system used only three normalized values from three RSSIs, as indicated in Figure 7 and Equation 6 .
The second step is to determine the situation. The cumulative likelihood (described in Equation 7 ) of all particles denotes the probability of occlusion. When there is no occlusion, the cumulative value of Equation 5 is larger than that of Equation 6 . However, in the occluded situation, the corresponding likelihood has the largest cumulative value. Since the average likelihood value of Equation 6 tends to be larger than that of Equation 5, they are multiplied by the proper coefficients. The likelihood is calculated by the Gaussian value of error distance in the observed vector space. The dimension of observed vector space corresponds to the number of normalized val ues, and therefore, the coefficient value is proportional to the diagonal distance of the cube and sixdimensional hypercube (as denoted in Equation 8 ).
Using the likelihood with the largest cumulative value, the algo rithm supports situation detection and position estimation at the same time in this scenario. Figure 8 , (1) to (3), shows a part of the experimental results obtained for Scenarios 1 to 3. The signal strength chart is the absolute RSSI data. The blue curve is the RSSI from the frontleft sensor; the green curve, frontright; the red curve, rearleft; and the pink curve, rearright. The three bars under each chart indicate the detection results of the algorithms. The top bar shows the direction detection based on the particle filter. In Scenarios 1 to 3, the direction of approach to the intersection is indicated. On comparing Scenario 1 with 2, the leftfront corner is especially occluded by vehicles in Scenario 1, as discussed earlier. This occlusion causes a direction estimation error for the front, but it soon recovers and discriminates the direction of approaching from that of Scenario 3. In one result, the sensor was able to determine the directions and approaching-leaving state.
emulation for Detection of Following Bicycle and motorcycle: Scenario 4
In Case 3 of Figure 1 , following bicycles and motorcycles are often entrapped in the left turn of the vehicle being followed. Emulating this scenario as in Figure 5b , RSSIs were conducted and measured in the same way as in the previous section. The starting point was approximately 25 m away from the observation vehicle. This signal is shorter than that in Scenarios 1 and 2 because in the following scenario, not only bicycles but also vehicles are moving in the same direction. The axis of direction in this scenario is based on the observation vehicle (indicated as in Figure 5b ). The result of the status estimation is indicated in Figure 8 , Case 4. According to this result, the sensor could detect dangerous follow ing bicycles and motorcycles from redpart directions. However, in the latter half, the direction estimation is wrong. There are no NLOS and reflection facilities in the scenario, but the RSSI value of the leftback sensor, indicated as a red curve, is somehow lower than that of the rightback sensor, indicated as a pink curve. Normally the RSSI value of the right back is lower than that of the left back in this situation. To prevent this estimation error, the cause of this effect must be clarified and solved by sensor configuration and the algorithm.
evaluation of Accuracy of position estimation
For the implementation of collision prediction, position estimation based on the filtering results is thought to be useful. In this section, the possibility of using this estimation is examined.
In the experiments, a board marker was attached to the bicycle with a transmitter. Assuming that the bicycle follows the selected route perfectly, videos of the scenarios were taken with synchronized cameras and the sequential position of the bicycle was calculated (Figure 9 ). The accuracy of this calculation is estimated from the resolution of the video images and the configuration of the installation. In Scenarios 1 to 3, one camera captures approximately 30 m of the length of the course and has a 720 p 480pixel resolution; therefore, the ideal accuracy is approximately 40 mm. Although many types of noise are present in these data, they are still sufficiently accurate for extracting a ground truth trajectory of the transmitter. Figure 10 indicates the trajectories of the estimation results and the correct position data gathered from video images in Scenarios 1 and 2. In the lineofsight Scenario 2, the outlines of the estimated trajectory and correct data trajectory match roughly. The distance error depends on the distance between the vehicle and the transmitter. Within the distance range of 10 m, the average error is approximately 2 m. In the range of more than 20 m, the error is approximately 5 to 10 m.
In the NLOS Scenario 1, the occlusion effects worsen the error. The trajectory of 3 s to 9 s has certainly drifted from the correct data although the approaching direction to the vehicle is estimated cor rectly. By using this information, there is a possibility of adapting the proposed system for this scenario.
In conclusion, position estimation errors are nonnegligible for detailed collision prediction. For this purpose a more stable and accurate position estimation algorithm is needed. 
DiSCUSSiOn AnD COnClUSiOn
The proposed system successfully detected approaching vehicles at an intersection from a large distance, and it also successfully detected bicycles close to the driver's vehicle when it was turning. The approaching vehicles in the opposite lane could be success fully distinguished from vehicles approaching from other directions and from leaving vehicles. Although the RSSI value at the receiv ing sensors fluctuated according to the transmitting sensor and surroundings, the system could detect the correct state of traffic participants. Moreover, each traffic participant could be identified with the help of an identification code in transmitted packets under the CSMA/CA protocol. In conclusion, the proposed wireless sensor is confirmed as a suitable tool for use in collision avoidance at intersections. Vehicletovehicle communication by exchanging GPS data is competitive with the proposed method because the accuracy of positioning is less than 1 to 5 m for vehicles with correcting schemes such as gyros and wheel sensors. By using this correction, the masking of the GPS signal by problems such as multipath sig nals and zero signal reception is eliminated. However, vulnerable road users such as pedestrians, bicyclists, and motorcyclists usually cannot use such highcomputational schemes because of the cost and payload involved. The accuracy of positioning them by GPS should be degraded to 10 to 50 m because of shielding in urban areas surrounded by tall buildings. To redeem the weak points of the GPS system and the proposed system, combinations of these systems are being considered as future work.
In the case of several transmitters set on road users and receivers set on vehicles, manypacket collisions will occur even though the ZigBee device with CSMA/CA protocol has robustness against these collisions. Simulating the typical intersection with 20 pedestrians and 10 vehicles, there are 20 transmitters and 40 receivers. When all receivers and transmitters communicate in peertopeer fusion at 10 packets per second, the total amount of packets per second amounts to 8,000. According to related research (17) , it is possible to handle the performance of a system of this amount. However, the packet traffic is proportional to the square of the number of the nodes in the temporal method. Other devices that have a scattering function are required for much more crowded situations.
In this work, ZigBee devices were operated under the regulations for transmission power in Japan, where the maximum transmission power is restricted and is lower than that for other countries. The system can perform detection with finer resolution when high transmission power is available.
The shielding box is designed for slight directivity of the receiver. The design has not been finalized. Therefore, the directivity, which affected the accuracy of the estimation, can be improved. The authors have been unable to apply the proposed design to realworld con ditions because of time restrictions. Therefore, the next step is to design box and vehicle configuration on the basis of electromagnetic wave simulations such as by using the finite difference time domain method. Further, by constructing diffusion models of each scenario, the proposed algorithm could be improved. 
